In recent years several Parameter Identification (PID) techniques have been proposed for on-line real-time applications. Historically aircraft parameter estimation has been performed off line using recorded flight data from specifically designed maneuvers. Flight data from the NASA F/A-18 High Alpha Research Vehicle (HARV) aircraft is used for this study and is compared with baseline wind tunnel estimates. This paper shows a comparison of the results of a recently developed frequency-based PID technique with the results from the traditional Maximum Likelihood method. The comparison is performed for both longitudinal and lateral-directional dynamics for maneuvers at an angle of attack of α=20° and α=30°. Results of the two estimation processes are compared with available wind tunnel estimates. 
Symbols

Introduction
The objective of this paper is to present the comparison of the results of a recently developed frequency-based PID technique with the results of the application of the well-known Maximum Likelihood method. Aircraft parameter estimation from flight data has been extensively conducted as a post flight analysis for years. The increase in available on-board computational power has allowed for the consideration of online application of parameter estimation techniques. The results from the two approaches from the NASA F/A-18 HARV flight data are then compared with the baseline wind tunnel estimates. The comparison is performed for both longitudinal and lateraldirectional dynamics for two angles of attack.
This paper is organized as follows. The next section briefly describes the considered aircraft and the flight test maneuvers with relative data. The next section gives a brief review of the mathematical modeling of the longitudinal and lateral-directional aircraft dynamics. Another section reviews the basic principles of the well-known Maximum Likelihood method while the following section reviews the Fourier transform-based parameter identification technique. The final section describes the results of the application of both methods using the F/A-18 HARV flight data.
NASA F/A-18 HARV Aircraft and Flight Test Maneuvers
The NASA F/A-18 HARV is a high alpha testbed aircraft which was used in the high alpha technology program at Dryden Flight Research Center. The HARV is from a preproduction model F/A-18 aircraft built by former McDonnell Douglas. Conventional control surfaces include stabilators, rudders, ailerons, leading-edge flaps, trailing-edge flaps and speed brake. An additional thrust vectoring system was added to the aircraft for the research purposes of the HARV program to increase the regime of stable flight up to α=70° and increase the aircraft maneuverability at high angles of attack. The longitudinal and lateral-directional flight test maneuvers consisted of single surface independent control surface doublets generated by an on-board excitation system (OBES). The longitudinal flight data inputs consisted of trailing-edge flaps, symmetrically deflected ailerons, stabilator, and pitch vanes. Finally, the lateral-directional inputs consisted of ailerons, differential horizontal tail, rudder, and yaw vanes.
Mathematical modeling of the Longitudinal
and Lateral/Directional dynamics The aircraft dynamics are modeled into the pEst code in the polar coordinate form (α, β, V) of the body-axis equations of motion. The 6-DOF nonlinear equations are shown below: 
where:
Note that the longitudinal axial equation is not included since the estimates of the stability derivatives relative to the x-axis from flight data are seldom accurate. A fourth order Runge-Kutta numerical integration method is employed to determine the computed states α, β, q, p, r, θ, and Φ. In addition, adjustments are necessary to include the effects of angular rates and accelerations to the computed data to account for accelerometers which are non-coincident with the aircraft CG. The component build-up for the total longitudinal and lateral-directional stability and control derivatives is given by: 
Review of the Maximum-Likelihood Method and Newton-Raphson Technique
The Maximum Likelihood (ML) method coupled with a Newton-Raphson (NR) minimization technique has been one of the most successful PID methods for several years. It was introduced at NASA Dryden in the late 1960's. The American Institute of Aeronautics and Astronautics effectiveness of this approach is well documented and excellent results have been achieved for a large variety of aircraft [1] [2] [3] [4] [5] [6] . This method minimizes a quadratic cost function containing differences between the aircraft measured and computed responses. In general, the goal is to maximize the probability that the computed system responses, based on a set of estimated stability derivatives, are representative of the true system dynamics.
Using the maximum likelihood method the conditional probability to be maximized is given by: 
where P(z/ξ) and P(ξ) are given by:
thus the problem reduces itself to the minimization of the cost function J(ξ) given by:
In particularly, P(z/ξ) is the conditional probability that a response z occurs for an actual system for a given value of the unknown parameters contained in a vector ξ. P(ξ) is the probability that the unknown parameters vector matches some "a priori" values (ξ 0 ). It is assumed that P(z/ξ) and P(ξ) are independent and follow Gaussian distributions with zero means. The accuracy of the estimates increases as the differences between the values of the components of z and y, at the same discrete time index, decrease.
A Newton-Raphson (NR) algorithm is used to solve the associated system of equations by using the first and the second gradients of the cost function with respect to the vector (ξ) containing the aerodynamic parameters to be estimated. The relations for the NR algorithm can be discussed as the following. The process is iterative with the updating of the vector ξ until the convergence criteria is met resulting in the final ML estimates of the aircraft model parameters. First a Taylor series expansion is used to generate an expression for J(ξ), as is shown below:
The NR algorithm solves the associated system of equations using the gradient and the hessian of the cost function with respect to the vector containing the aerodynamic parameters to be estimated. Setting the gradient with respect to ξ, equal to zero the cost function is minimized using:
leading to:
The process is iterative with the updating of the parameter vector ξ until the convergence criteria is met resulting in the final ML estimates of the aircraft model parameters.
Fourier Transform-based Parameter Identification
Technique The on-line PID method implemented in this study was a frequency-based simple single-step technique based on discrete Time Fourier Transform (DTFT) 7,8,9 using previous work described in [10] . The method is called Fourier Transform Regression (FTR) and is described below.
For the NASA F/A-18 HARV dynamics the linearized equations are given by:
A general form for each of the above equations is given by:
where E,F are known vectors, Θ is the unknown constant vector to be estimated, z(t) is the whole measurement vector, and x(t) is a subset of z(t 
Sampling the input and state variables at time t=i∆t we have:
(28) Applying the Discrete Time Fourier Transform (DTFT) 11 to the above samples, we would have:
As in the general LS regression method, the measurements of the vectors x,y, and z can be used to set up a cost function having the coefficients of C as an argument. In particular, one can form the m algebraic equations that hold over a set of frequency points
Introducing a complex error vector ε , which accounts for noise and non-linearities, the above equations can be rewritten in the general form ε + Θ = X Y with conventional definitions for Y, X, and Θ. Thus the problem can be formulated as a LS regression problem with the following it's real cost function:
The complex solution is given by:
where * indicates a complex conjugate transpose. Note that the cost function is made of a summation over m frequencies of interest. In addition, the covariance matrix of the estimates of Θ is computed as
where σ 2 ( Θ ) is the equation error variance and can be estimated on-line using
where p is the number of parameters to be estimated and m is the number of frequency points. Furthermore, the standard deviation of the estimation error for the l-th unknown of the p parameters in Θ can be evaluated as the square root of the (l, l) coefficient (main-diagonal coefficient) of the covariance matrix. This standard deviation allows for an on-line assessment of the accuracy of the estimates of the parameter. The type of required on-line calculations should also be analyzed for an assessment of the computational effort. For a given frequency, n ω , the DTFT at the i-th time step is related to the DTFT at the (i-1)-th time step as follows:
Therefore, the on-line computation of ( ) n i x ω requires a reasonably low computational effort. In addition, the scheme requires only a fixed memory space for ( ) ω i x even if it is updated at every step.
In terms of frequency range, the m frequencies over which the cost function is evaluated can be selected as evenly spaced between min ω and max ω . Typically, the rigid body dynamics frequency range for the considered aircraft can be selected, allowing for the higher frequency noise and/or structural interference to be filtered out. A smaller number of frequency points would decrease the computational effort.
Since the DTFT is recursively computed, the part of the algorithm requiring the most computational effort is the inversion of the matrix Re(X T X) which is performed using the Singular Value Decomposition (SVD). Particularly, for each vector Θ of parameters to be estimated, one SVD (O(n 3 ) flops) of the matrix Re(X T X) (average size 6 by 6 ) has to be performed for each computational step.
Results of the comparative study
The estimation results are summarized in Tables 1 and  2 for the longitudinal and lateral-directional maneuvers respectively. For the longitudinal maneuver at α=30°, two longitudinal time histories are shown in Figure 1 with the longitudinal inputs shown in Figure 2 . The time histories of the estimates for the longitudinal derivatives (+/-1 standard deviation of the estimation error) along with the relative maximum likelihood and wind tunnel estimates are shown in Figures 3-8 . It is seen that all the parameters were estimated within reasonable ranges and is comparable with both wind tunnel and Maximum Likelihood results. It should also be noted that most of the standard deviation of the estimation errors are small except for the q-parameters, which are usually difficult to estimate from the flight data since they are coupled with the α & -parameters.
For the lateral-directional maneuver at α=30°, several lateral-directional time histories are shown in Figure 9 with the lateral-directional PID inputs shown in Figure 10 . The time histories of the estimates of the lateral-directional derivatives (+/-1 standard deviation of the estimation error) along with the relative maximum likelihood and wind tunnel estimates are shown in Figures 11-16 . In general the lateral-directional estimates seem to show more consistency between the results American Institute of Aeronautics and Astronautics from the different methods. It is reminded that the estimation is performed sequentially as the flight data is received while most techniques including Maximum Likelihood method are executed in a batch mode. It can also be noted that derivatives converge within a short amount of time following the PID maneuver. This convergence speed along with the computational efficiency would make this technique appealing for applications within adaptive flight control systems. Another point to be noticed is that this technique does not use any "a priori" values of parameters and thus does not require any regularization with "a priori" values. Therefore, this technique provides totally independent reference values to parameters.
Conclusions
This paper has presented estimates for both longitudinal and lateral-directional derivatives from F/A-18 HARV flight data using two different PID methods. The first PID method is a batch approach and is the well-known Maximum Likelihood approach couple with a Newton-Raphson technique. The second PID method is iterative in nature and is based on the application of the Discrete Fourier Transform (DFT). The PID estimates from the two methods were also compared with wind tunnel estimates. The comparison revealed a general consistency of the results from the two methods. However, specific characteristics of the DFT-based method make it appealing for use with real time applications. 
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